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Abstract. Joint species distribution modeling has enabled researchers to move from spe-
cies-level to community-level analyses, leading to statistically more efficient and ecologically
more informative use of data. Here, we propose joint species movement modeling (JSMM) as
an analogous approach that enables inferring both species- and community-level movement
parameters from multispecies movement data. The species-level movement parameters are
modeled as a function of species traits and phylogenetic relationships, allowing one to ask how
species traits influence movements, and whether phylogenetically related species are similar in
their movement behavior. We illustrate the modeling framework with two contrasting case
studies: a stochastic redistribution model for direct observations of bird movements and a spa-
tially structured diffusion model for capture–recapture data on moth movements. In both
cases, the JSMM identified several traits that explain differences in movement behavior among
species, such as movement rate increasing with body size in both birds and moths. We show
with simulations that the JSMM approach increases precision of species-specific parameter
estimates by borrowing information from other species that are closely related or have similar
traits. The JSMM framework is applicable for many kinds of data, and it facilitates a mecha-
nistic understanding of the causes and consequences of interspecific variation in movement
behavior.
Key words: birds; community model; hierarchical model; joint species model; moths; movement model;
statistical model.
INTRODUCTION
Ecologists are increasingly recognizing that ecological
and evolutionary processes are structured across many
kinds of hierarchical levels, as reflected by the
increasing popularity of hierarchical Bayesian modeling
(Parent and Rivot 2012, Gimenez et al. 2014). For exam-
ple, joint species distribution modeling (JSDM) is
revolutionizing the field of statistical community ecol-
ogy, as it allows species- and community-level inference
to be simultaneously derived by integrating data on spe-
cies occurrences, environmental covariates, species traits,
and their phylogenetic relationships (Warton et al. 2015,
Ovaskainen et al. 2017). In movement ecology, the need
for hierarchical modeling arises from variation in move-
ment characteristics expressed within individuals, among
individuals, and among species, as well as from the need
to account for observation and measurement error (Pat-
terson et al. 2008). The movement characteristics of an
individual may vary over space, e.g., depending on the
Manuscript received 1 August 2018; revised 27 November
2018; accepted 2 January 2019. Corresponding Editor: Paul B.
Conn.
8 E-mail: otso.ovaskainen@helsinki.fi
Article e02622; page 1
Statistical Reports
Ecology, 100(4), 2019, e02622
© 2019 The Authors. Ecology published by Wiley Periodicals, Inc. on behalf of Ecological Society of America
This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited.
habitat type, or over time, e.g., depending on the prevail-
ing weather conditions, reproductive phase, or temporal
variation in the individual’s motivation to move. Such
variation has been accounted for in statistical models by
assuming that the movement characteristics depend on
the measured environmental parameters (Morales et al.
2004, Ovaskainen et al. 2008), or by modeling switches
among different movement modes, e.g., via hidden Mar-
kov models (Morales et al. 2004, Gurarie et al. 2009,
Langrock et al. 2012). Movement characteristics also
vary among individuals, and these have been accounted
for either by fitting a movement model to each individ-
ual separately and then making population-level infer-
ences in a separate second step (Hooten et al. 2016), or
by adding random effects to parameters governing, e.g.,
step lengths and/or turning angles (Langrock et al. 2012,
Hopcraft et al. 2014, Hooten et al. 2017).
Variation in movement characteristics among species
has typically been analysed in a post hoc manner using
a two-step approach: (1) fitting a movement model
separately for each species; (2) comparing the model
structures or parameter estimates among the species
(Morales et al. 2013). This two-step approach is likely
to lead to compromised statistical efficiency especially
in the analysis of sparse data. Moreover, this approach
does not allow shared traits between species to be incor-
porated into the models. Here, we borrow from recent
developments in JSDM (Warton et al. 2015, Ovaskai-
nen et al. 2017) to build a joint species movement model
(JSMM) that enables statistically efficient use of multi-
species movement data. In species distribution model-
ing, regression approaches are commonly used to
describe how species occurrence depends on environ-
mental covariates (Elith and Leathwick 2009). JSDMs
can greatly facilitate a more accurate estimation of such
parameters, especially for rare species with sparse data,
by incorporating hierarchical layers that model shared
responses to environmental covariates among the
species (Ovaskainen and Soininen 2011). Such models
can be extended to give community-level inference by
assuming that the responses of the species to their envi-
ronment depend on their traits and/or phylogenetic rela-
tionships (Ovaskainen et al. 2017). Here, we transfer
these ideas into movement ecology, by building a JSMM
that models species-specific movement parameters as a
function of species traits, phylogenetic relationships, or
both.
MATERIALS AND METHODS
The data
While our approach for the joint estimation of species-
and community-level movement parameters applies to
many kinds of movement models and data, here we illus-
trate the approach with two contrasting data sets: direct
observations of bird movements and spatial capture–
recapture data on moth movements.
Direct observations on bird movements
The bird movement data are based on binocular obser-
vations, with the method adapted from Morales et al.
(2013). The study area is a 600 9 600 m square landscape
with ~40% of arboreal cover, within the Brazilian Atlantic
Forest biodiversity hotspot (Fig. 1A). We divided this
landscape into a regular 10 9 10 m grid with 3,600 cells,
and classified the grid cells into three habitat types: (1)
forest habitat, (2) open habitat (mainly pasture), and (3)
semi-open habitat (narrow corridors of trees, single trees
and small groups of trees outside forest patches). We col-
lected data on 43 bird species from September to Decem-
ber of 2014 and 2015, during 72 h of observation. The
locations of the birds were recorded at the level of the grid
cell by comparing the observed location to a grid overlaid
on a high-resolution Google Maps image. We considered
the movements as discrete steps in which the bird left one
location where it had been stationary and flew to another
location, within the same grid cell or to one or several
grid cells away. We did not consider the temporal dimen-
sion in this analysis, i.e., when the bird makes the next
move, or how long it takes to perform each move. The
recorded tracks were short sequences of steps (one to
seven steps) and the same bird individual was only rarely
observed for more than one sequence of steps.
For species traits, we acquired information on body
mass and feeding guild. Birds were classified into four
feeding guilds, based on Wilman et al. (2014) and on our
own experience: granivorous, frugivorous, insectivorous,
or omnivorous birds. For trait values, see Appendix S3:
Table S1. We constructed a phylogenetic correlation
matrix C from the mean phylogenetic tree provided by
Jetz et al. (2014) with the package ape 4.0 (Paradis et al.
2004) by assuming the diffusion model of trait evolution,
and thus defining correlations between two species as the
proportion of shared evolutionary history.
Spatial capture–recapture data on moth movements
The moth movement data are based on a spatial cap-
ture–recapture study. Data collection was carried out
within a fragmented landscape consisting of forest patches
within agricultural open habitats in Southern England
(Fig. 2A). Forty-four actinic 6W Heath light traps (Wat-
kins & Doncaster, Leominster, UK) were set up in fixed
locations in forest patches and at solitary oak trees (either
isolated or within a hedgerow) within the agricultural
matrix. The average distance among all pairwise trap
combinations was 1,739  20 m (mean  SE; maximum
4,131 m; minimum 45 m). The study ran from 14 June
until 24 July 2009 during which traps were operational for
31 nights. The active traps alternated in two sets so that
on each night about one-half of the traps were activated,
and these were checked each morning. Actinic 6W traps
have been observed to attract moths from distances below
30 m (Merckx and Slade 2014) and thus are not expected
to influence the landscape-level movement patterns.
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We included in this study 87 macro-moth species that
occur in forest landscapes, for which the flight periods
coincide with the study period, and which are sufficiently
common, easy to identify, and easy to mark. The indi-
viduals were marked at first capture by writing a unique
number on the left forewing. After marking, moths were
released at the place of capture into nearby tall vegeta-
tion. All 31 nights met the sampling criteria: minimum
night temperature was at least 10°C, maximum wind
speed was at most 20 km/h, and maximum precipitation
risk was at most 50%. For more details on the empirical
study, see Slade et al. (2013).
We recorded the following traits for each species based
on Manley (2008) and Waring and Townsend (2009):
habitat preference (classified as open, semi-open, or for-
est), log-transformed wingspan (mm; normalized to mean
0 and variance 1), and whether the species feeds as an
adult or not. For trait values, see Appendix S3: Table S2.
As there is no sound phylogeny yet for Eurasian moths
(Betzholtz and Franzen 2011), we used as a simple proxy
a taxonomical tree, where we assumed equal branch
lengths for the levels of species, genus, subfamily, and
family. We constructed a taxonomical correlation matrix
C from the taxonomic tree using the same procedure as
described in the bird case study.
The joint species movement model
We first describe the general JSMM, and then
describe how we applied it specifically to the two data
sets described above. We denote the number of species
by ns, the number of species traits by nt and the number
of species-specific movement parameters by np. We
combine the species-specific movement parameters into
the ns 9 np matrix Θ, so that each row of Θ, i.e., the
vector Θs, contains the parameters for species s. The
number of the parameters (np) and their interpretations
depend on the specific movement model. We assume
that, possibly after transformations, the parameters can
obtain any real values. This assumption is necessary as
we will model the matrix Θ with a multivariate normal
distribution.
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FIG. 1. The bird case study. Panel A shows a map of the study area (green, forest; yellow, semi-open habitat; gray, open habitat)
and an example of the movement data for Tangara sayaca (Sayaca Tanager), where differently colored lines correspond to different
individuals. Panels B, C, and D show, for each movement parameter, the species-specific parameter estimates (the dots show the
posterior mean and error bars are 95% credible intervals) and the expected movement parameter based on species traits (the lines
show the posterior mean). For the pairs of feeding guilds shown as [color 1] > [color 2], the posterior probability for feeding class
corresponding to color 1 having a higher parameter value than the feeding class corresponding to color 2 (measured as the differ-
ence in the f parameters being positive) was at least 0.85. The posterior probability P by which each movement parameter increases
with body size is shown for each panel.
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To determine how the movement characteristics of the
species (as described by the parameters Θ) depend on
their traits and phylogenetic relationships, we vectorize
the matrix Θ to the nsnp 9 1 vector h = vec(Θ), and
model it using a multivariate normal distribution as
hN m;R qCþ ð1 qÞIns½ ð Þ: (1)
here the nsnp 9 1 vector m = vec(M) is the vectorized
version of the ns 9 np matrix M (with elements msp,
where p = 1, . . ., np is the index for the movement
parameter), and it gives the expected movement parame-
ters based on species traits. The influence of traits is
modeled with a linear regression model msp ¼
P
k
tskfkp,
where the index k runs over the nt traits, tsk is the trait k
for species s, and the parameter fkp measures the influ-
ence of trait k on movement parameter p. Arranging the
regression parameters fkp into a nt 9 np matrix Z and
the trait values tsk into a ns 9 nt matrix T, we can write
in matrix form M = TZ. To include the intercept into
the model, we set ts1 = 1 for all species s. In the absence
of trait information, only the intercept is included, in
which case the expectationMs is the same for all species.
The np 9 np variance–covariance matrix Σ in Eq. 1
models the species-specific deviations around the expec-
tation based on species traits, and ⨂ is the Kronecker
(outer) product. The ns 9 ns matrix C is a phylogenetic
correlation matrix that can be derived from a phyloge-
netic tree based on genetic data (as we did in the bird
case study), or constructed from taxonomic information
if a quantitative phylogeny is not available (as we did
with the moth case study). The matrix Ins is the identity
matrix of dimension ns, and the parameter 0 ≤ q ≤ 1
measures the strength of the phylogenetic signal.
To fit the model to the data with Bayesian inference,
we developed a Markov chain Monte Carlo (MCMC)
sampling scheme that uses a Metropolis-Hastings step
to sample the species-specific parameters Θ, whereas the
parameters Z, Σ, and q are sampled directly from their
full conditional distributions (for technical details and
prior distributions, see Appendix S1, and for MCMC
convergence, see Appendix S3). We tested the validity of
the estimation scheme by generating replicated simulated
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FIG. 2. The moth case study. Panel A shows a map of the study area (green, forest; gray, open habitat), the locations of the 44
light traps (red dots), and an example of the movement data for Apamea lithoxylaea (Light Arches), with differently colored lines
corresponding to different individuals. Panels B, C, D, and E show, for each movement parameter, the species-specific parameter
estimates (the dots show the posterior mean and error bars are 95% credible intervals) and the expected movement parameter based
on species traits (the lines show the posterior mean, with solid lines corresponding to species that feed as adults and dashed lines to
species that do not feed as adults). For the pairs of forest affinity classes shown in the panels as [color 1] > [color 2], the posterior
probability for forest affinity corresponding to color 1 having a higher parameter value than the forest affinity corresponding to
color 2 (measured as the difference in the f parameters being positive) was at least 0.85. The posterior probabilities by which each
movement parameter increases with body size (P1) or adult feeding (P2) are shown in the panels.
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data sets of various sizes and types (including nonlinear
relationships between species traits and movement
parameters) and examining whether the parameter esti-
mates converged to the true values as the data size
increased (see Appendix S2). In the Appendix S2, we
further illustrate how posterior predictive checking can
be used to test the structural model assumptions. R code
used to fit the model is available (see Data Availability).
To be able to apply the JSMM to a particular data
type, the user needs to define p ysjHsð Þ, i.e., the likeli-
hood of observing the data ys for species s, given the
parameter vector Θs. We next describe the likelihood
functions that we assumed in the bird and the moth case
studies.
Stochastic redistribution model for bird movements
The bird data consist on average of 12 (min = 1,
max = 109) movement steps for ns = 43 species. Assum-
ing that an individual of species s is currently at grid cell
i, we model the probability psji that it will next move to
grid cell j by
psji ¼ Kisexp dij=as
 
exp b 1ð Þs h
1ð Þ
j
 
exp b 2ð Þs h
2ð Þ
j
 
: (2)
In Eq. 2, dij is the distance between the grid cells i and j,
and the parameter as > 0 models the characteristic step
length of species s. The variable h 1ð Þj 2 0; 1f g (respec-
tively, h 2ð Þj ) is an indicator of whether grid cell j belongs
to the semi-open habitat (respectively, forest) and the
parameter b 1ð Þs (respectively, b
2ð Þ
s ) measures the affinity of
the species to semi-open (respectively, forest) habitats
compared to open habitat. The normalizing constant Kis
is defined so that the probabilities sum to unity over the
target cells, i.e., that
P
j psji ¼ 1 for all i and s. The np = 3
species-specific parameters form the vector
Hs ¼ log asð Þ b 1ð Þs b 2ð Þs
 
: (3)
The likelihood p ysjHsð Þ for observing the movement
data ys was computed as the product of the single-step
movement probabilities given by Eq. 2.
Spatially structured diffusion model for moth movements
The moth data consist on average of 149.6 (mini-
mum = 1, maximum = 1316) marked individuals and
8.1 (minimum = 0, maximum = 166) recaptures for
ns = 87 species. We model the individual-level move-
ments by diffusion, which can be considered as an
approximation of a random walk (Turchin 1998),
supplemented with habitat selection (also called edge-
mediated behavior; Schultz and Crone 2001) at edges
between forests and open areas. The parameters of the
movement model, for species s, are the diffusion coeffi-
cient Ds (unit m
2/d) measuring the movement rate, the
mortality rate ms (unit 1/d), and the habitat selection
parameter ks, measuring the relative attractiveness of
open areas over forest (Ovaskainen 2008). We assumed
for simplicity that both the movement rate and the mor-
tality rate are the same for forests and open areas.
An observation model was used to describe the trap-
ping process. We assume that once a trap was active over
a one-night period, it attracted and captured individuals
of species s with probability qs from a circular area
within a 30 m radius around the trap. We note that an
identical capture probability can be obtained by either a
large attraction radius and a low capture efficiency or a
small attraction radius and a high capture efficiency,
and our data do not allow the separation of these two
parameters. The np = 4 species-specific parameters form
the vector
Hs ¼ log Dsð Þ log ksð Þ log msð Þ logit qsð Þð Þ: (4)
The likelihood p ysjHsð Þ for observing the movement
data ys was computed as in Ovaskainen (2004), i.e., by
triangulating the landscape and using a finite-element
method to solve the time-evolution for the probability
density for the individuals’ location under the diffusion
model.
RESULTS
The performance of the estimation scheme was suc-
cessfully validated with simulated data as shown by the
posterior distributions becoming increasingly concen-
trated around the true values with an increasing
amount of data (Appendix S2). As expected, the accu-
rate estimation of the community-level parameters
requires data on many species, whereas the accurate
estimation of species-specific parameters requires many
movement steps for the focal species (Appendix S2). A
comparison between the JSMM and individually
parameterized single-species models further shows that
borrowing information from other species increases the
precision of species-specific parameter estimates
(Appendix S2).
The parameter estimates of the bird model show that
generally all birds and especially frugivorous birds prefer
semi-open and forest habitats over the open habitats
(Fig. 1C, D shows positive parameter values). Move-
ment distances increase with body size, and granivorous
birds move on average larger distances than birds from
the other feeding guilds (Fig. 1B). The parameter esti-
mates of the moth model show that movement rate and
capture probability increase with body size, and for spe-
cies that feed as adults (Fig. 2D, E), whereas preference
for open areas decreases with body size, but is higher for
adult feeders (Fig. 2B). Mortality was lower for species
that feed as adults than for species that do not feed as
adults, and for species that prefer semi-open areas, but
was not affected by body size (Fig. 2C). Movement rate
and capture probability were highest for species that pre-
fer forests (Fig. 2D, E).
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We did not find evidence for a phylogenetic signal in
the movement parameters, as the posterior probability
for q > 0 was 0.50 for the bird and 0.41 for the moth
case study.
DISCUSSION
The increasing interest in movement ecology, fueled by
methodological advances in data collection and analysis,
is promoting an unprecedented availability of movement
data on individuals and species in numerous environmen-
tal contexts (Nathan et al. 2008, Kranstauber et al. 2011,
Kays et al. 2015). We developed the JSMM framework
for statistically efficient estimation of movement parame-
ters as a function of species traits and phylogenetic rela-
tionships. This approach is promising for answering many
kinds of questions in movement ecology, and in particular
to tackle the challenge on how to best use the large
amount of sparse data that is currently accumulating in
various databases (Kranstauber et al. 2011).
Previous research assessing how functional traits
affect movement (Nieminen et al. 1999, Spiegel and
Nathan 2007, Sekar 2012, Stevens et al. 2012, 2014,
Neuschulz et al. 2013) has been based on two-step anal-
yses where each species is first modeled separately. As
species-specific models require lots of data, these analy-
ses have been restricted to the few most abundant species
only. In contrast, our approach allows the inclusion of a
large number of species, also those for which even a sin-
gle movement step is observed. The results from our case
studies showed that both bird and moth movements can,
to a large extent, be related to species traits. Our finding
of movement rate increasing with body size is in line
with earlier research both for birds (Spiegel and Nathan
2007, Neuschulz et al. 2013) and Lepidoptera (Niemi-
nen et al. 1999, Beck and Kitching 2007, €Ockinger et al.
2010, Sekar 2012, Stevens et al. 2012). Besides moving
larger distances, large birds and moths showed lower
affinity to open habitat, possibly because such habitat
makes large species more detectable to predators. In
moths, species with a strong affinity to forest moved lar-
ger distances, which may be a result of these forest spe-
cialists being exposed to stronger selection pressures for
increased dispersal ability due to the long history of for-
est fragmentation in the UK. Their high dispersal ability
coupled with their strong affinity for forest habitats
makes this group particularly vulnerable to further habi-
tat fragmentation and particularly reliant on connectiv-
ity between forest patches (Slade et al. 2013). In moths,
we found the capability of adult feeding to be linked to a
lower mortality, higher movement rates, and a higher
preference for open habitat. Adult feeders may need to
be more mobile to locate enough resources, and previous
work on hawkmoths has also found that adult feeders
are longer lived, and therefore move further and are less
habitat specific (Beck and Kitching 2007).
In our results, the phylogenetic relationships turned
out not to be strongly related to movement. In moths,
the lack of phylogenetic signal is in agreement with
previous findings on noctuid and sphingid moths (Niem-
inen et al. 1999, Beck and Kitching 2007) and with
meta-analyses on butterflies (Sekar 2012, Stevens et al.
2012), suggesting movement rate is an evolutionarily
labile character, mainly dependent on species-specific
ecological and life-cycle characteristics. In birds, the lack
of phylogenetic signal is probably because diet can vary
substantially among closely related species (Wilman
et al. 2014), and because diet strongly influences move-
ment patterns. Granivorous birds, for instance, feed on
the seeds of herbaceous plants growing in open areas,
explaining their high affinity to open habitats. Also, fru-
givorous and granivorous birds do not maintain territo-
ries (Neuschulz et al. 2013), possibly explaining why we
found them to move larger distances than insectivores.
We applied the JSMM approach to two contrasting
case studies to illustrate that it is applicable to almost
any kind of multispecies movement data, such as GPS-
based tracking data (Reisinger et al. 2018), spatial cap-
ture–recapture data based on bird ringing (Paradis et al.
1998), or marking of insects (Scriven et al. 2017), trap-
ping of small mammals (Puttker et al. 2012), or camera-
trapping and noninvasive genetic sampling (Royle et al.
2018). The JSMM approach can be applied to any likeli-
hood-based analysis of multispecies movement data by
adding a hierarchical layer that models species-specific
parameters as a function of their traits and phylogenetic
relationships (Eq. 1). The model can involve any kind of
movement parameters, such as the level of temporal
autocorrelation, home-range size, or tendency to return
to familiar sites, to name a few. Studying movement at
the community level helps to relate data with theory,
such as the movement ecology paradigm (Nathan et al.
2008). For example, hypothesized proxies of species-spe-
cific navigation and motion capacities can be incorpo-
rated into the analyses as species traits to statistically
examine their influence to observed movement behavior.
We note that as with any modeling exercise, comprehen-
sive validation of structural model assumptions should
be done when applying the JSMM framework to a speci-
fic case study. To illustrate how this can be done in prac-
tice, we discuss the general principle of posterior
predictive checking in the context of the bird case study
in Appendix S2.
The movements of organisms greatly influence which
individuals, species, and environmental factors they will
interact with and, consequently, affect both their ecolog-
ical and evolutionary dynamics (Nathan et al. 2008,
Morales et al. 2010, Jeltsch et al. 2013). Thus, identify-
ing how species traits influence organismal movement is
crucial for building links from movement ecology to
population and evolutionary ecology, and for assessing
the consequences of movement on ecosystem function-
ing and management. We thus expect that the JSMM
framework developed here will find applications not
only in basic ecological research, but also in biodiversity
conservation projects.
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